Abstract Artificial neural networks have been widely used to solve problems because of their reliable, robust, and salient characteristics in capturing nonlinear relationships between variables in complex systems. In this study, a wavelet neural network (WNN) based on the incremental backpropagation (IBP) algorithm was used in conjunction with an experimental design. To optimize the network, independent variables including ion concentration, adsorbent dose, and removal time were used as input parameters, while the removal percentage of Pb(II), Ni(II), and Cu(II) by magnetic/talc nanocomposite were selected as outputs. The network was trained by the IBP and four other algorithms as a model. To determine the number of hidden-layer nodes in the model, the root-mean-square error of a testing set was minimized. After minimizing this error, the topologies of the algorithms were compared based on the coefficient of determination and absolute average deviation. This comparison indicated that the IBP algorithm had the minimum root-meansquare error and absolute average deviation, and maximum coefficient of determination, for the test dataset. 
Introduction
Over the past several decades, a major concern worldwide has been the wide range of chemical contaminants that have been released into the environment. Removal of toxic metals from waste water, which is a serious cause of environmental degradation, is a matter of great interest in the field of water pollution [15] . Adsorption is the most favorable process economically and technically to remove metal ions from aqueous solution, among several conventional techniques such as oxidation, reduction, precipitation, membrane filtration, ion exchange, and adsorption [1, 2, 11] . One of the efficient materials for heavy-metal ion removal by adsorption is Fe 3 O 4 nanoparticles [3, 5, 6] . Due to their magnetic property and advantages of sensitivity and high efficiency, they can be easily and rapidly separated from aqueous solution by using an external magnetic field [26] . Therefore, adding Fe 3 O 4 nanoparticles to the adsorbent is an excellent way to resolve separation problems.
Techniques based on polymers and clays have been developed to minimize coaggregation of Fe 3 O 4 nanoparticles and improve their manipulation [7] . Studies on the adsorption characteristics of heavy-metal ions by talc are still scarce. Talc is known by the chemical formula Mg 3 Si 4 O 10 (OH) 2 [9] , being commonly used as a filler, coating and dusting agent in paints, lubricants, plastics, cosmetics, pharmaceuticals, and ceramics manufacture [17] .
Among heavy metals, lead (Pb) is widely present in soil, air, and water. Lead is nonbiodegradable and easily absorbed and accumulated in living organisms, causing various diseases and disorders based on carcinogenic, genotoxic, anemic, reproductive, and neurological effects, especially in children. Since lead is widely used in mining and metallurgical engineering, battery manufacturing processes, and traditional gasoline, methods to separate it from the environment should be seriously studied [21, 27] .
Copper ion displays high chronic and acute toxicity to aquatic organisms, even at very low concentrations in natural water. On the other hand, metals such as copper and lead play important roles in most industries. The many applications of copper metal in production include moving engine parts, brake linings, copper tubing, wire, metal plating, fungicides, insecticides, copper compounds, brass, bronze, etc. [21] . Corrosion of copper metal by water results in conversion of the metal to its ionic forms, Cu ? and Cu 2? [24] . Nickel is present in effluent from silver refineries, electroplating, zinc base casting, and storage battery industries. At higher concentrations of 2 mg/L, nickel causes cancer of lung, nose, and bone. Ni carbonyl [Ni(CO) 4 ] has been estimated as lethal in humans at atmospheric exposure of 30 mg/L for 30 min. Acute poisoning by Ni(II) causes headache, dizziness, nausea and vomiting, chest pain, chest tightness, dry cough and shortness of breath, rapid respiration, cyanosis, and extreme weakness [16] . Researchers and scientists around the world have indeed paid attention to solving heavy-metal pollution in the environment recently [8, 14] .
In the present work, the ability of a hybrid material consisting of talc sheets as a support for magnetite particles was studied for removal of Pb(II), Ni(II), and Cu(II) from aqueous solution. The metal adsorption capacity of talc can be manipulated by adding Fe 3 O 4 nanoparticles, which increase the amount of heavy-metal uptake. Adsorption experiments were performed, and the influences of heavy-metal ion concentration, removal time, and adsorbent amount were analyzed using a wavelet neural network. The most important stages in a process are modeling and optimization to improve the system and to increase the efficiency of the process without increasing its cost.
All process parameters were selected to conduct the optimization by using a wavelet neural network. Based on available literature, no studies have been done on the use of wavelet neural networks to analyze removal of heavy-metal ions from aqueous solution. Furthermore, the synthesized magnetite/talc nanocomposite has not been reported except in our previous study [17] . Therefore, this work aims to determine the optimum reaction conditions for removal of Pb(II), Ni(II), and Cu(II) through a central composite rotatable design (CCRD) as an experimental design [9, 12, 13] and WNN as a statistical tool for finding optimum conditions. Three independent process variables, viz. ion concentration, adsorbent dose, and removal time, were studied under the given conditions designed by Design Expert software. In this regard, the related parameters of the developed model were determined by applying a WNN on the experimental data. The optimized conditions were validated and applied for removal of heavy metals from aqueous solution.
Materials and methods

Materials
All reagents in this work were of analytical grade and used as received without further purification. Ferric chloride hexahydrate (FeCl 3 Á6H 2 O) and ferrous chloride tetrahydrate (FeCl 2 Á4H 2 O) of 96 % purity were used as the iron precursor as well as talc powder (\10 l, 3MgO 4 SiO 2 ÁH 2 O) obtained from Sigma Aldrich (St Louis, MO, USA). NaOH of 99 % purity was obtained from Merck KGaA (Darmstadt Germany). Copper chloride, lead nitrate(II), and nickel chloride were supplied by Hamburg Chemical. All aqueous solutions were prepared with deionized water. composite. Then, 25 mL freshly prepared NaOH (2.0 M) was added to talc/Fe 3? -Fe 2? composite suspension under continuous stirring. The suspension was finally centrifuged, washed twice with ethanol and distilled water, and kept in a vacuum stove at 100°C. All experiments were conducted at ambient temperature and under a nonoxidizing oxygen-free environment obtained through nitrogen gas flow [18, 19] .
Adsorbate
Three stock solutions (1000 mg/L) of Pb(II), Ni(II), and Cu(II) ions were prepared by dissolving appropriate amounts of copper chloride, nickel chloride, and lead nitrate in deionized water, transferring into 1-L volumetric flasks, and diluting to the mark with deionized water. The stock solutions were then diluted with deionized water to obtain Pb(II), Ni(II), and Cu(II) standard solutions in the desired concentration range.
Experimental
A three-factor central composite rotatable design (CCRD) was employed to determine the effect of ion concentration (100-300, X1), removal time (40-20, X2), and adsorbent dose (0.08-0.12, X3) on three response variables: Pb(II) (Y1), Ni(II) (Y2), and Cu(II) (Y3). Experiments with three independent variables consisting of eight factorial points and six axial points were carried out. All experiments were carried out in triplicate, and mean values are reported. The maximum deviation was found to be ±2 %.
Different amount of nano-adsorbent according to the CCRD was mixed with 25 mL solution of single metallic ions of Pb(II), Ni(II), and Cu(II) using a shaker at temperature of 25°C. After that, the suspension was magnetically separated from the aqueous solution, and the residual concentration of metal ions in the solution was analyzed. The heavy-metal ion concentration in the filtrate was determined using atomic absorption spectrophotometry (AAS, Thermo Scientific, S Series).
The response (removal efficiency of heavy-metal ions) was calculated using Eq. 1.
where Y is the percentage of adsorption, C 0 is the initial concentration of heavymetal ion (mg/L), and C t is the concentration of heavy-metal ion at time t.
Methods
Wavelet neural network
The commercial neural network software NeuralPower version 2.5 (CPC-X Software) was used throughout the study [22] . The network architecture consisted of an input layer with three neurons (three variables), an output layer with three neurons (three responses), and a hidden layer. To determine the optimal network topology, the number of neurons in the hidden layer was iteratively determined by developing several networks that varied only in the size of the hidden layer while simultaneously observing the change in the root-mean-square error (RMSE). The wavelet transfer function was chosen, and other parameters for the network were chosen as the default values of the used software. The neural network was trained with the data obtained from 13 experimental points.
Verification of predicted data
The estimation capability of the WNN based on the incremental backpropagation (IBP), batch backpropagation (BBP), quick propagation (QP), genetic algorithm (GA), and Levenberg-Marquardt (LM) algorithms was tested. The generated model was used to predict the importance and optimum values of the variables in the multivariate process. For this purpose, the technique was used to predict the responses at six experimental points. The predicted responses obtained from the WNN were compared with the actual responses. The coefficient of determination (R 2 ) and root-mean-square error (RMSE) were determined. The RMSE and R 2 were calculated using the following equations:
where n is the number of points, y pi is the predicted value obtained from the neural network model, y ai is the actual value, and y m is the average of the actual values [23] .
Results and discussion
Data processing and model validation
The wavelet neural network is a combination of the wavelet transform and an artificial neural network (ANN). A WNN uses wavelet functions instead of the traditional sigmoid function as its transfer function at each neuron (node). In this model, the architecture is almost exactly the same as an ANN, except that the transfer function is replaced by a wavelet function (t) and the learning procedure is similar to that of a traditional ANN, namely modification of the parameters of the model according to the value of the output error using the conjugate gradient method [4] . The wavelet most commonly used in the WNN is the Morlet wavelet basis function, which is defined by Eq. 5.
where w(t) is a wavelet function, and (t) can be regarded as the net input to a node in the hidden or output layer. A training set was used to train the network, and a test set was used to determine the level of generalization produced by the training set and to monitor overtraining of the network, each using the corresponding RMSE. Neural learning is considered successful only if the system can perform well on test data on which the system has not been trained. Therefore, the emphasis is on the capabilities of a network to generalize from input training samples, not to memorize them [10, 23] . If a network ''learns too well'' from the training data, the rules might not fit as well for the rest of the cases in the data. To avoid this ''overfitting'' phenomenon, the testing stage was used to control error; when it increased, the training was stopped [25] . The experimental data of the central composite design were divided into two sets: 13 of the experimental data were used as the training set, while the remaining 6 experimental data were used as the test set (Table 1) .
To determine the optimum number of neurons in the hidden layer, a series of topologies were examined, in which the number of neurons was varied from 1 to 15 (Fig. 1) . The root-mean-square error (RMSE) was used as the error function, and the coefficient of determination (R 2 ) was used as a measure of the predictive ability of the network. The decision regarding the optimum topology was based on the minimum error of testing (Table 2 ). Each topology was repeated ten times to avoid any random correlation due to the random initialization of the weights [20] . Figure 2 shows the IBP-3-14-3 network as the final model for the blended solution, consisting of input, hidden, and output layers. The input layer with 3 nodes (ion concentration, adsorbent dose, and removal time) is the distributor for the hidden layer with 14 nodes as determined by the learning process.
As shown by the scatter plots of the predicted versus actual Pb(II), Ni(II), and Cu(II) removal (%) values in Fig. 3 , the wavelet transfer function and IBP algorithm resulted in a good fit for both the training and test sets. However, the best results were obtained with 14 hidden nodes using the wavelet neural network model.
Comparison of Response Surface Methodology (RSM) and WNN models under optimal conditions
The optimal conditions for removal of heavy metals were predicted as presented in Table 3 , along with predicted and actual removal (%) values. For this purpose, the wavelet neural network based on the IBP algorithm was adopted for predicting the removal percentage in optimal conditions using a central composite design. The experiment was then carried out under the recommended conditions, and the resulting response was compared with the predicted value. The experimental reaction gave reasonable percentage removal values for Pb(II), Ni(II), and Cu(II) of 91.35, 50.21, and 72.15 %, respectively. These results confirm the validity of the model, and the experimental values were determined to be quite close to the WNN-predicted values for Pb(II), Ni(II), and Cu(II) of 91.15, 50.59, and 72.99 %, respectively, implying that the empirical model derived from the central composite design can be used to adequately describe the relationship between the independent variables and response using a wavelet neural network. The WNN methodology showed clear superiority over RSM for the removal datasets. As a modeling technique, the wavelet neural network was better than the RSM in terms of both data fitting and estimation capabilities. Indeed, WNN is a superior and more 
Evaluation of the importance of parameters
The weights are coefficients between the artificial neurons, being analogous to synapse strengths between axons and dendrites in real, biological neurons. Therefore, each weight decides what proportion of the incoming signal will be transmitted into the neuron's body. The neural net weight matrix can be used to assess the relative importance of the various input variables for the output variables. 
Conclusions
In the present study, the wavelet neural network was investigated as a multivariate modeling tool in a process capability study to obtain better results and higher accuracy. To obtain a qualified network, different algorithms such as IBP, QP, BBP, GA, and LM were applied for learning using training and test datasets. The IBP-3-14-3 topology with the lowest RMSE and highest R 2 was selected as a provisional network for the validation test. The results of the validation confirmed its high ability to predict the model. The validated model was used to determine the optimum values and relative importance of the effective variables. The model provided good-quality predictions for the three independent variables (ion concentration, adsorbent dose, and removal time) in terms of the percentage removal of heavy-metal ions from aqueous solution. The importance values of the variables included 35.16 % for initial ion concentration, 32.74 % for adsorbent dose, and 32.11 % for removal time, showing that none of these variables were negligible in this work. From the process modeling, the high correlation of the model showed that wavelet neural networks could be used to optimize the conditions for removal of heavy-metal ions. The response evaluated from the model showed good agreement with the observations. The methodology as a whole has been proven to be adequate for design and optimization of removal of Pb(II), Ni(II), and Cu(II).
